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A B S T R A C T
In the present study, we assessed the concentration of airborne HMs (Zn, Cu, Pb, and Cd) and their probable
sources using the bark of Pinus eldarica as a bio-indicator. Hence, 47 tree bark samples were harvested according
to the land uses and biomonitoring techniques in the city of Yazd, Iran. The potential health risks in 13 age
groups, ecological risk, as well as the possible relationship between HM concentrations and traﬃc indicators,
were evaluated. The order of average HM concentrations in the P. eldarica bark samples was as
Zn > Pb > Cu > Cd. The mean values of non-carcinogenic risks of all HMs in entire age groups were within
secure range (HQ < 1); however, the carcinogenic risk of Cd was higher than the allowed level
(TCR > 1×10−6). About Pb, it was in the safe level. The main element causing potential ecological risks was
Cd, indicating moderate to very high ecological risk in most of the study areas. There was an inverse signiﬁcant
association between distance from major roads and Pb concentration (β=−0.011 95% conﬁdence interval (CI):
0.022, −0.0001). All HMs in bark samples render the negative Moran's index, representing a random spatial
distribution pattern. Besides, according to principal component analysis (PCA), the ﬁrst component accounted
for 36.55% of the total variance, dominated by Cd, Pb, Cu, and Zn, respectively, and characterized by vehicle
and industrial emissions. Our results infer that industrial activities and traﬃc are the main sources of HMs
pollution in urban environments that should be considered by decision-makers.
1. Introduction
Along with the preeminent dependency of man on various in-
dustries, modern technologies, and fossil fuels, the exposure to en-
vironmental pollution is also increasing (Ghaﬀari et al., 2017; Serbula
et al., 2012). It has been estimated 35,000 people die each year owing
to air pollution in the United States (Bell et al., 2011). Of the numerous
air pollutants, heavy metals (HMs) have received great attention due to
their non-biodegradability, as well as physiological and disruptive ef-
fects on living organisms even at low concentrations (Gholizadeh et al.,
2018). Generally, direct or indirect methods can be used for measuring
HMs pollution in the ambient air. Using a direct method, HM con-
centrations were measured by air sampling during a short period (e.g.,
one day, week or month) (Mohsen et al., 2018; Olawoyin et al., 2018).
Using indirect method, ambient HM pollution was measured in rain-
water (Uchiyama et al., 2019), topsoil or using a bioindicator like leave
and bark of plants (Miri et al., 2016). However, major focus has been
put on indigenous plants as long-term air pollution bioindicators over
the last four decades, mainly due to simpler sampling, ease of im-
plementation, slight cost, low risk, and higher concentrations of metals
(Gupta et al., 2016; Sawidis et al., 2011; Zhao et al., 2012). Bioindicator
generally refers to organisms providing quantitative information to the
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researchers about the environment quality (Moreira et al., 2016;
Parmar et al., 2016).
Heavy metals present in the air can accumulate in the leaf and bark
of plants (Birke et al., 2018; Janta and Chantara, 2017), largely de-
pending on plant characteristics (including growth rate and biomass)
and the amount of HMs present in the soil. Ample surface and rendering
sticky sap of some tree barks provide high adsorption capability
(Carvalho-Oliveira et al., 2017; Guéguen et al., 2012; Minganti and
Drava, 2018). Moreover, the transferring possibility of HMs from the
root to the trunk is negligible or unlikely (Martin et al., 2018).
Antoniadis et al. (2017) and Roque-Álvarez et al. (2018) reported that
HMs uptake into a tree from the soil is unlikely since these elements
have low plant mobility. Therefore, the presence of these deposits in the
tree bark can be attributed signiﬁcantly to the adsorption of these
pollutants from the air (Birke et al., 2018). Hence, tree bark can be an
ideal cumulative biological indicator of long-term air pollution (Birke
et al., 2018; Janta and Chantara, 2017).
Previous studies investigated the health risk of exposure to ambient
HMs using particulate matter (PM) sampling for a limited period (e.g.
two weeks) (Chen et al., 2015); however, the available evidence about
the health risk assessment of long-term exposure to ambient HMs is still
scarce. To our knowledge, this is the ﬁrst study on the probabilistic
health risk assessment of long-term exposure to ambient HMs using
bark samples as bioindicator. Given the previous studies, the amount of
metals in the outer layer of the bark has a high accuracy in the eva-
luation of long-term air pollution (Birke et al., 2018; Cocozza et al.,
2016; Kandziora-Ciupa et al., 2016; Miri et al., 2017b; Parmar et al.,
2016; Sawidis et al., 2011), it can be expected that the calculated risk
level in this study is closer to the actual value than the former studies
carried out based on short-term measurements.
This study aimed to measure ambient HMs concentration using
Pinus eldarica barks as a bioindicator of long-term exposure to air pol-
lution. Ecological risks of HMs pollution in the study area, as well as
their health risks and sensitivity analyses, were assessed for 13 age
groups (from birth to≤ 80 years old) using a probabilistic approach.
Finally, source identiﬁcation of HMs was investigated through spatial
and statistical techniques.
2. Material and methods
2.1. Study area
This study was conducted in the Yazd, a metropolitan city in the
center of Iran, located at a longitude between 54.24° and 54.42° and
latitude of 31.79°–31.95°, and elevation about 1190–1300m above
mean sea level. This city with an area of 2491 km2 has a population
about 650,000, where is one of the driest regions in Iran with the
average temperature and annual precipitation of 20.3 °C and 50mm,
respectively (Miri et al., 2017b). The dominant wind direction in the
Yazd province is generally northwest to the southeast, which blows
particularly in mid-spring to the early autumn period. There are many
industrial towns around this city (e.g. steel, ceramic tile, and pipe in-
dustries) and has a traﬃc density ranged between 5000 and 100,000
vehicles per day. Fig. 1 depicts the study area, sampling locations,
major roads, airport, bus terminal, and the industrial regions.
2.2. Bioindicator selection, sampling, and preparation
According to the diﬀerent land uses and distance from air pollution
resources, such as bus terminals, airport, main roads, and high-popu-
lated areas, 47 samples extended from various microenvironments were
harvested. The sampling point coordinates were determined using a
Global Positioning System (GPS) in the universal transfer Mercator
(UTM) coordinate system (Fig. 1).
Pinus eldarica was selected as the HMs bioindicator because it is one
of the most common species in the studied area, usually planted along
main roads, residential and industrial areas, and suburbs for land-
scaping and shading. Those trees were selected that had the average age
between 10 and 15 years old because these must have a soft bark, and
the HMs accumulation on the bark is not related to tree age within this
range (Janta and Chantara, 2017; Janta et al., 2016). For samples
harvesting, we followed the methodology of Birke et al. (2018) with a
few modiﬁcations. Samples were collected from about 1.5m above
ground level (50 g each sample) using a razor blade and placed in
plastic bags. The samples did not have any defections (bird dropping,
pesticide treatment, and insect infestation), and did not receive further
treatment until receiving to the laboratory. The sampling process was
conducted during late spring of 2017 after a 10-day rainless period.
Samples were carefully cleaned using a brush to remove external ma-
terial. Their outer layers were scratched using a clean knife, powdered
using a laboratory mill, and subsequently dried at lab temperature.
HM contents were extracted by acid digestion method (Şen et al.,
2015). Due to technical and budget limitations, this study has measured
just four HMs (zinc (Zn), copper (Cu), lead (Pb) and cadmium (Cd)).
HM concentration was measured using a graphite furnace atomic ab-
sorption spectrophotometer (GF-AAS) (Varian SpectrAA.20 Plus,
Varian, Inc.). Each sample was injected thrice using an automatic
sampler, and the average concentration was used for future data ana-
lyses. A blank in the same condition was considered for every 10
samples. The limit of detection (LOD) of each element was determined
three times. Standard deviation (SD) of eight blank repetitions and
amount of recovery were 80–120%.
2.3. Risk assessment
2.3.1. Human risk assessment
Risk assessment is an overall process or approach, used to identify
health impacts and risk factors of exposing to a speciﬁc pollutant
through diﬀerent pathways (Zhao et al., 2014). Three main routes of
chemical daily intake (CDI, mg kg−1 day−1) of air HMs are: (1) direct
ingestion of particles or gases existed in the air (CDIing); (2) inhalation
of suspended particles through mouth and nose (CDIinh); and (3) daily
absorption of HMs through skin (CDIdermal). Since the HMs studied here
have carcinogenic and non-carcinogenic eﬀects (Luo et al., 2012), both
risks of these exposure routes were assessed in the 13 age groups in
detail (from birth to≤ 80 years old) (Table 1). CDIing, CDIinh, and
CDIdermal were estimated as:
= ×
× ×
×
× −CDI C IRing EF ED
BW AT
10ing 6 (1)
= ×
× × × ×
×
× −CDI C SA AF ABS EF ED
BW AT
10dermal d 6 (2)
= ×
× × ×
×
CDI C IRinh ET EF ED
BW ATinh (3)
Moreover, hazard index (HI) and total carcinogenic risk (TCR) for
each HM were calculated using Eqs. (4)–(7) (Luo et al., 2012; Zhao
et al., 2014):
= ×carcinogenic risk CDI CSFing dermal inh/ / (4)
∑= = × + ×
+ × ABS
TCR risk CDI CSF CDI IUR
CDI CSF / GI
ing ing inh
dermal ing (5)
= +Hazard quotient HQ CDI RfD RfC( ) / CDI /ing dermal ihl/ (6)
∑= = + +HI HQ HQ HQ HQing inh dermal (7)
The parameters and their values included in the models are pre-
sented in Table 1. As a rule, the higher values of CDI than RfD mean the
higher level of concern. Thus, HQ≤ 1 and HQ > 1 suggest improb-
ability and probability of detrimental health eﬀects, respectively. The
excess carcinogenic risks lower than 10−6 are considered negligible,
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and risks above 10−4 are unacceptable by most international regulatory
agencies (Luo et al., 2012). The value 10−6 is also considered the
carcinogenic target risk by USEPA (USEPA, 2011).
2.3.2. Monte Carlo simulations and sensitivity analysis
If the single-point value of a variable is used to calculate the risk for
a population, it may increase the probability of interference, error, and
eventually the result uncertainty. Therefore, here, Monte Carlo simu-
lations were used to minimize uncertainties associated with human
health risks and obtain a probabilistic approximation of a model
(Huang et al., 2017; Keramati et al., 2018). The eﬀective doses of HMs
were estimated using Monte Carlo simulation in the Crystal Ball soft-
ware (Version 11.1.2.4, Oracle, Inc., USA). Finally, the results were
demonstrated with diﬀerent degrees of conﬁdence intervals from 1 to
99%.
Sensitivity analysis was accomplished on the Monte Carlo simula-
tion results with 100,000 trails to order the variables that have the
greatest impact on risk assessment results. Besides, that parameter
which has a higher coeﬃcient represents the greater share in risk un-
certainty (Miri et al., 2018a).
2.3.3. Ecological risk assessment
To obtain ecological risk, ordinary kriging (OK) model was em-
ployed using ArcGIS 10.2 software (ESRI, Redlands, CA), and the HMs
distribution pattern throughout the study area was illustrated (Figs.
S1–S4 of supplemental materials). OK model was ﬁtted for all HMs
based on the best semivariogram, and lowest root mean square error
(RMSE). Then, potential ecological risk (Eri ) and ecological risk index
(RI) of HMs assessed the sensitivity of diﬀerent biological communities
to toxic metals. The degree of HMs pollution in the study area was
estimated using the raster calculator of map algebra tool (Barkett and
Akün, 2018). The integrated RI is calculated as:
∑=
=
RI E
i
n
r
i
1 (8)
The Eri amount of an HM is calculated as follows:
= ×E T Cri ri fi (9)
where Tri is toxic response factor for a given substance, which for Zn,
Cu, Cd, and Pb are 1, 5, 30 and 5, respectively (Guo et al., 2010;
Hakanson, 1980). Cfi is the contamination factor; calculated as the
concentration of element i in bark sample, divided by its concentration
in sample of reference area. Reference samples were obtained from a
non-polluted area with 10 km distance from the city. Eventually, the
risk level was categorized as shown in Table S1 of Supplemental ma-
terials.
2.4. Sources identiﬁcation
2.4.1. Spatial autocorrelation model
Spatial autocorrelation analysis (Global Moran's I) was utilized in
the GIS environment to measure feature similarity. This tool evaluates
the pattern distribution (clustered, dispersed, or random) according to a
set of features and associated attributes. It also calculates the Moran's
index value as well as Z-score and p-value, evaluating the signiﬁcance
of that index. In general, Moran's I value near +1.0 indicates the uni-
polar or clustering pattern; a zero value represents that values are
randomly distributed across the study area pattern, and an index value
near −1.0 suggests a dispersed pattern (Gholizadeh et al., 2017). The
Global Moran's I can be calculated as (Dong and Liang, 2014;
Fig. 1. Geographical location of study area, Yazd, Iran.
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Kanaroglou et al., 2013; Miri et al., 2018b):
=
∑ ∑
∑
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where (n) is the total number of features, (S0) is the sum of all spatial
weights, zi indicates the deviation of an attribute for feature i from its
mean (xi – X), and wi.j is the spatial weight between feature i and j
(Dormann et al., 2007).
ZI-score is calculated as follows:
=
−z E I
V I
1 [ ]
[ ]I (12)
where E[I] and V[I] are equal to −1/(n-1) and E[I2] – E[I]2, respec-
tively.
2.4.2. Statistical analyses
Data distribution was performed using Shapiro-Wilk test. To iden-
tify the possible source and relationship between HMs, Principal com-
ponent analysis (PCA), and Spearman's rank correlation coeﬃcients
were applied using SPSS Package version 24.0 for Windows. PCA is an
eﬀective analytical tool for minimizing a set of main variables and
extracting a few hidden factors to analyze the relationships between
observed variable and samples (Tipping and Bishop, 1999; Viana et al.,
2006; Wold et al., 1987).
In addition, the relationship between the HM concentrations and
traﬃc indicators was assessed using linear regression, including the
distance from the nearest major roads and total road length around
sampling stations in buﬀers of 100, 300, and 500m (Dirgawati et al.,
2016). The signiﬁcance level for all models was 0.05.
3. Results and discussion
3.1. HMs concentration in bark samples
The mean HM concentrations in P. eldarica's bark samples are
shown in Fig. S1, Supplemental materials. The results indicate that the
Zn concentrations (Ave. 28.27mg kg−1) were higher than others. The
median (interquartile range (IQR)) of Zn was 25.71 (12.60) mg kg−1.
This value for Cu, Pb, and Cd was 0.92 (3.47), 3.90 (2.77) and 1.20
(0.35) mg kg−1, respectively. The orders of average concentrations of
HMs in the study area were as Zn > Pb > Cu > Cd. Other studies
also reported a higher proportion of Zn in the tree bark as compared to
other HMs (Chabukdhara and Nema, 2013; Moreira et al., 2016). Fur-
ther, our results are consistent with the ﬁndings of Norouzi et al.
(2015), who used the tree leaves for biomonitoring of dust-borne HMs.
The higher Zn concentrations in the study area can be attributed to the
local geochemistry and industrial activities (Chen et al., 2005; Hirshon
et al., 2008; Sponza and Karaoǧlu, 2002). Apeagyei et al. (2011) re-
ported that the majorities of Cu, Pb, and Zn in urban environments were
emitted from anthropogenic sources such as traﬃc activities. However,
the Pb concentration in the study area was within the safe range
(5–10mg kg−1) mentioned by Kabata-Pendias (2010).
Spatial distribution of studied HMs is presented in Figs. S2–S5 of
Supplemental materials. Accordingly, there was an increasing trend in
Zn and Cu concentrations from the west towards the city center. The
highest concentrations of Cu were near to beltway, airport, terminal,
and industrial town in the west and northwest of studied area (Fig. S2 of
Supplemental materials). The high concentrations of Zn were observed
in center and southwest, although the maximum concentration was in
industrial part of the city (Fig. S3 of Supplemental materials). About Pb,
higher concentrations were observed in the center and southeast of the
city, where, there are main highways and high traﬃc density. The PbTa
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quantity declined by getting away from the city center, indicating its
amount is mainly aﬃliated to vehicle emissions (Al-Masri et al., 2006;
Kemp, 2002). However, the higher Cd amounts were detected in the
suburbs (Figs. S4 and S5 of Supplemental materials). Considering the
land uses of these areas (Fig. 1), it was revealed that industrial towns
and large factories such as steel, ceramic and tile, etc. are dominant
there, which can release these pollutants to the atmosphere.
3.2. Risk assessment
By taking into account the risk of selected HMs on both human
health and ecological system, the risk assessment accuracy can be sig-
niﬁcantly improved.
3.2.1. Human health risk
Despite some elements such as Cu and Zn are essential nutrients for
human body; the presence of HMs in the polluted air can have serious
impacts on health. The assessment results of probabilistic risk as both
noncarcinogenic hazard (HQ) and carcinogenic risk (Risk) for each HM
and various risk factors in diﬀerent age groups are shown in Table 2.
Based on the total HM contents, the mean HQ values of all HMs in
whole age groups were lower than the allowed level (HQ < 1). How-
ever, the highest HQ belonged to Cd (1.55× 10−1), which is close to
the threshold. About Zn, Cu, and Pb, the possibility of transferring into
the body through oral ingestion is more than dermal absorption
(HQing > HQdermal), while in the case of Cd, it is more likely to enter
the body through inhalation than other pathways (HQinh > HQing and
HQdermal). Furthermore, the mean HQ of each HM for multi-pathway
exposure was Cd (1.46× 10−1)≫ Pb (2.63×10−3) > Zn
(1.66×10−4) > Cu (2.40×10−4).
According to toxicological proﬁles of Zn, Cu, Pb, and Cd (USDoE,
2011), all these elements have toxicological health eﬀect, but some of
them have carcinogenic risk (Cd and Pb). Chabukdhara and Nema
(2013) claimed that the order of non-cancer risk of metals in the at-
mosphere in adult and children was as: Cr > Pb > Mn > Ni >
Cu > Cd.
The carcinogenic risk of HMs in the study area is also presented in
Table 2. As shown, the carcinogenic risk of Cd in all age groups was
higher than the allowed level (TCR > 1×10−6), while about Pb, it
was in the safe level. Previous studies indicated that HMs could act as a
catalyst in oxidative reactions of biological metabolism (Ercal et al.,
2001). Therefore, the toxicity of HMs on the body could be due to
oxidative tissue damage. The main possible mechanisms of HMs in the
body are changing in thiol status, damaging cellular defence system,
increasing lipid peroxidation and producing reactive oxygen species
(Ercal et al., 2001; Jomova and Valko, 2011). Those cells are under
oxidative stress of HMs display various dysfunctions due to damage
arising by reactive oxygen species to proteins, lipids and DNA (Ercal
et al., 2001; Rehman et al., 2018).
The parameters that inﬂuence in the model were determined
through sensitivity analysis (Table 3). The results indicated that HMs
concentration is the most important variable that aﬀects health risk
(Spearman's rank correlation coeﬃcient (r) was ranged between 0.87
and 1.00 for diﬀerent HMs and age groups). There was a negative
correlation between body weight (BW) and estimated risk of each HM (r
ranged from 0.00 to - 0.39 for multiple age groups).
The health risk estimated of exposure to Zn, Cu, Pb, and Cd in dif-
ferent age groups should be underestimated. Two reasons can aﬀect
this: 1) Although the risk assessment of exposure to ambient HMs was
carried out for several exposure pathways (ingestion, inhalation, and
dermal exposure), but HMs can enter the body through foods (Clemens
and Ma, 2016; Miri et al., 2017a; Real et al., 2017) and water
(Fallahzadeh et al., 2018) as well, which not investigated in our study.
2) We further surveyed the HMs concentration in barks as an indicator
of HMs pollution in the ambient air of the city; however, all HMs in the
air cannot be absorbed into tree barks (Sawidis et al., 2011).
3.2.2. Ecological risk
The potential ecological risk coeﬃcient (Eri ) and ecological risk
index (RI) of air HMs in Yazd area are shown in Fig. 2 and Fig. 3, re-
spectively. The Eri values of Zn in all locations were lower than 40,
indicated this HM had low ecological risk in the study area. The main
element causing potential ecological risk was Cd with moderate to very
high ecological risk in most of the study areas, especially in southern
and northern regions.
Since more than 350 industries are included in Yazd, therefore, the
presence of Cd could be attributed to both traﬃc and industrial activ-
ities (Pongpiachan and Iijima, 2016; Suvarapu and Baek, 2017). These
are located in the countryside, i.e., as far as the city center goes towards
the suburb, the higher industrial emissions are expected. Pb demon-
strated moderate eco-risk on the average, but some crowded central
points have a high-risk potential (Fig. 2). In a study by Qing et al.
(2015) in China, Cd had the highest ecological risk potential between
measured HMs in an urban area. Islam et al. (2015) measured diﬀerent
HMs in urban soils of Bangladesh and reported that Cd had the highest
potential ecological risk for the study area. In another study by
Sakizadeh et al. (2018) in soil, desert-adapted, and non-desert plants in
central Iran, Cd had highest environmental risk. The results of these
studies are in line with the ﬁnding of the present study.
Moreover, computed RI indices showed moderate to considerable
potential ecological risk (94≤ RI < 376) in most of the sampling lo-
cations. Based on Fig. 3, higher RI values were found in central parts of
the city, near industrial clusters, roadsides, or dumping sites. Hence, the
air around the polluted areas is more likely to be exposed to further
ecological contaminants and ultimately may cause serious health pro-
blems to the residents (Cao et al., 2014).
As a result, this information about the Yazd polluted area shows the
necessity to enforce reduction interventions associated with HMs.
3.3. Source identiﬁcation
3.3.1. Spatial autocorrelation
HM concentration in perimeter air is signiﬁcantly inﬂuenced by
spatial and temporal variables, such as climate change, traﬃc intensity,
distance from the road, and resources. Therefore, the speciﬁcity and
position of each of measured points can be provided. There are several
clustering methods for homogeneous data clustering. Among these,
Moran's I is of the most commons (Chu et al., 2015; Fang et al., 2016).
Here, all HMs in bark samples rendered the negative Moran's indices,
representing the scattering of neighbouring points. Given the z-score of
Zn (Z-score=−0.728, P-value= 0.466), Cu (Z-score=−0.012, P-
value= 0.990), Pb (Z-score=−0.312, P-value= 0.755) and Cd (Z-
score=−0.484, P-value=0.627) the pattern does not appear to be
signiﬁcantly diﬀerent than random (Table 4). This might be because of
high variation of metal content among sampling points in Yazd city
from traﬃc volume and industrial activities at each point. Tepanosyan
et al. (2019) used local Moran's I to identify spatial clusters and hot
spots of Pb, Mo, and Ti in urban soils of Yerevan, and reported that
there was a clustering distribution about Pb concentration and built-up
urban areas, and spatially correlated with the wind direction. Similar
ﬁndings were found in the study of Khosravi et al. (2018), who in-
vestigated HMs in urban topsoil. They also reported that industrial
activities have a high impact on HMs spatial distribution in the study
area.
3.3.2. Principal component analysis and correlation
For better interpretation, analyzing results and further identifying
HMs sources in the bark, the principal component analysis (PCA),
suggested by US environmental protection agency (EPA), was also used.
PCA transforms a given set of correlation variable into the reduced set
so that the variable which has the highest variance is the ﬁrst principal
component and one that has the smallest variance is not related to the
previous principal (Alahabadi et al., 2017; Guo et al., 2018). In air
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pollution studies, this method can be used to determine the probable
source of the air pollutant (de Souza et al., 2018; Li et al., 2018a; Sun
and Sun, 2017). For example, Liang et al. (2016) and Li et al. (2018b)
used this technique to detect the source of atmospheric pollutant
sources.
Table S2 shows the eﬃciency of the PCA method and three-factor
loadings of metals and their variances. The ﬁrst component (PC1),
which accounted for 36.55% of the total variance, was positively
dominated by Cd, Pb, Cu, and Zn, respectively. This group is primarily
characterized by to resuspension of road dust (Pb, Cu) and wear-out of
brakes and tires (Cu and Zn), especially on express roads (Allajbeu
et al., 2017). Cd concentrations were exceptionally higher in PC1;
therefore, it may take inﬂuence from the point anthropogenic source.
Barker and Pilbeam (2015) reported ferrous-steel industries were the
major source of environmental Cd contamination. Similar results were
documented in some studies, and possible sources have been linked to
vehicular emissions (Bowatte et al., 2015; Chabukdhara and Nema,
2013; Moreira et al., 2016; Sadovska, 2012).
In the current study, in addition to traﬃc emissions, these metals
may be particularly linked to industrial pollution, because Yazd city is
an industrial area and many manufacturers such as casting, tiling,
Fig. 2. Potential ecological risk coeﬃcient (Eri) of every HM in the study area.
Fig. 3. Ecological risk index (RI) of HMs in the study area.
Table 4
Spatial autocorrelations (Moran's Index) of diﬀerent heavy metals in study area.
Parameter Moran's index Z-score P-value Distribution pattern
Zn −0.075 −0.728 0.466 Random
Cu −0.022 −0.012 0.990 Random
Pb −0.042 −0.312 0.755 Random
Cd −0.055 −0.484 0.627 Random
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textile, electroplating industries, etc. are dominant there. Therefore,
Lead-reprocessing units may be responsible for the anthropogenic
source of Pb in the region. Zn and Cu showed low positive loadings in
PC1, indicating mixed sources for these metals. The second component
(PC2) that explained 26.44% of the whole variance showed moderate
positive loadings for Cu and Zn, indicating the diﬀerent anthropogenic
source. Whereas, third component (PC3) explained 23.05% of the total
variance also indicating robust positive loading for Zn. Zn showed
strong relative loadings in PC3, and it may have its contribution from
natural sources beside its inﬂuence from anthropogenic sources. Dai
et al. (2018) investigated the source of HMs in the Poyang lake sedi-
ment in China and found that Cr, Pb, and Zn were mainly lithographic
and human activities, such as atmospheric transport and rivers, while
Cu and Cd can result mainly from human resources such as mining
activities and fertilizer application. According to Carvalho-Oliveira
et al. (2017), the presence of Cu and Zn in tree bark is an indicator of
anthropogenic emissions such as motor vehicles, fossil fuel combustion,
and industrial emissions.
The results of Spearman's correlations of HMs in the barks are
shown in Table S3. There were low positive correlations (less than
0.402) between all HMs. The highest signiﬁcant correlation (r= 0.402)
was found between Zn and Cu, while there was the lowest one
(r= 0.148) between Pb and Zn. Since the signiﬁcantly correlated
coeﬃcients show more likely the same sources of pollution (Barkett and
Akün, 2018; Lu et al., 2010), these results suggest that sampling loca-
tions were impressed by diﬀerent sources of contamination such as
vehicles, mining, petrochemical industries, etc. Only Zn and Cu had a
signiﬁcant correlation (p < 0.01), and at the best condition, the
probability that Cu and Zn had same sources was about 40.2%. Ex-
ploring the literature regarding the biomonitoring of atmospheric HMs
using local trees reveals indecisive conclusions. Chabukdhara and Nema
(2013) have shown vehicle emissions to be the principal source of Pb,
Zn in urban environments, while Barkett and Akün (2018) attributed it
to the mining operations and atmospheric depositions.
3.3.3. Linear regression model
Results of the relationship between HMs concentration and main
traﬃc indicators (distance from sampling points to the nearest major
road, and total road length in a 100, 300 and 500m buﬀer around the
sampling locations) are shown in Table S4 of Supplemental materials.
Accordingly, there was a signiﬁcant association between Pb and Cu
concentration and distance to the nearest highway (P < 0.05). By in-
creasing each 1m distance from highway, the Cu concentration was
associated with 0.026 (95% conﬁdence interval (CI): 0.001, 0.052), and
about Pb was associated with - 0.011 (95% CI: 0.022, −0.0001) de-
crease in concentration. There was not a signiﬁcant association between
distance from sampling points to major roads and Cd and Zn con-
centrations in the bark of trees. Further, total road length in a 100, 300,
and 500m indicated there were no remarkable associations with Zn,
Cu, Pb, and Cd concentrations in bark samples. These values suggested
that the Pb concentrations in Yazd air were extensively inﬂuenced by
traﬃc volume, while a series of sources such as industrial and mining
activities, as well as vehicles are involved in the release of these pol-
lutants. Birke et al. (2018) asserted that the outer tree bark collects a
considerable amount of particulate matter containing Pb from anthro-
pogenic sources owing to the long exposure time.
4. Conclusion
Our ﬁndings of health risk assessment of long-term exposure to HMs
indicated that carcinogenic risk of Cd in all age groups was higher than
the allowed level. However, the mean values of noncarcinogenic risks
of all HMs in whole age groups were in safe level (HQ < 1). The main
element causing potential ecological risks was Cd, indicating moderate
to very high risk in most parts of the study areas. Due to the high
concentration of Cd in the study area and high toxicity of this pollutant,
emission sources and possible technique for reducing it should be more
considered in future studies. Combining diﬀerent techniques used here
can provide higher accuracy in interaction health eﬀect and risk as-
sessment of HMs pollution data, and can help to decision-makers to
improve their planning of urbanization. Nevertheless, more researches
are required in this ﬁeld for better understanding and formulation of
drastic protective measures for mitigation of the harmful eﬀects of the
HMs in the urban atmosphere.
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